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Graphical abstract
Public summary

- The asymmetric de novo mutations in SARS-CoV-2 are induced by mutagenic mechanisms in the host cellular

environment

- De novo mutations determine the molecular spectrum of accumulated mutations during SARS-CoV-2 evolution

- Molecular spectra of accumulated mutations in betacoronaviruses cluster according to the host species instead of the
phylogenetic relationship

- The mutations accumulated in SARS-CoV-2 prior to its transmission to humans are consistent with an evolutionary
process in a bat host
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The capacity of RNA viruses to adapt to new hosts and rapidly escape
the host immune system is largely attributable to de novo genetic di-
versity that emerges through mutations in RNA. Although the molecular
spectrum of de novo mutations—the relative rates at which various
base substitutions occur—are widely recognized as informative toward
understanding the evolution of a viral genome, little attention has been
paid to the possibility of using molecular spectra to infer the host ori-
gins of a virus. Here, we characterize the molecular spectrum of de
novo mutations for SARS-CoV-2 from transcriptomic data obtained
from virus-infected cell lines, enabled by the use of sporadic junctions
formed during discontinuous transcription as molecular barcodes. We
find that de novo mutations are generated in a replication-independent
manner, typically on the genomic strand, and highly dependent on
mutagenic mechanisms specific to the host cellular environment.
De novo mutations will then strongly influence the types of base sub-
stitutions accumulated during SARS-CoV-2 evolution, in an asymmetric
manner favoring specific mutation types. Consequently, similarities be-
tween the mutation spectra of SARS-CoV-2 and the bat coronavirus
RaTG13, which have accumulated since their divergence strongly sug-
gest that SARS-CoV-2 evolved in a host cellular environment highly
similar to that of bats before its zoonotic transfer into humans. Collec-
tively, our findings provide data-driven support for the natural origin of
SARS-CoV-2.

Keywords: SARS-CoV-2; molecular spectrum; de novo mutations; muta-
tional signature; evolutionary origin; mRNA mutation

INTRODUCTION
Since the first reports of coronavirus disease 2019 (COVID-19), contro-

versies have persisted regarding the origin of its causative agent, severe
acute respiratory syndrome coronavirus 2 (SARS-CoV-2).1 While many
studies have proposed that a natural origin of SARS-CoV-2 provides the
simplest explanation for its emergence,2–5 counter arguments have specu-
lated that an accidental laboratory escape of an engineered SARS-like coro-
navirus could not be excluded.6,7 One factor driving this prolonged contro-
versy is a lack of empirical data that clearly support either possibility.
Moreover, the search for related viruses in wild animals that are sufficiently
genetically similar to SARS-CoV-2 has not yet shown fruitful results. Since
its divergence from RaTG13—the genetically most similar virus identified to
date—approximately 50 years ago,8–11 SARS-CoV-2 had accumulated
�500 mutations before its jump to human hosts (RaTG13 accumulated
�600 mutations meanwhile).

As per the traditional aphorism, “the absence of evidence is not evidence of
absence,” especially when considering the vast number of unexplored wild
animals and the even greater number of viruses they harbor. While the
ll
considerable efforts ofmany research groups to search in nature for a closely
related coronavirus may yet provide many insights into the origins of SARS-
CoV-2, we instead turned our attention to the �500 base substitutions that
have accumulated in SARS-CoV-2, because, we hypothesized, they could pro-
vide us with unprecedented statistical power to test if they accumulated
through an evolutionary process that was consistent with those occurring
in known, natural coronaviruses.

Virus evolution begins with a de novo mutation in its genome, thus
providing new variations in the genetic material that is retained or lost under
different selection pressures. On the one hand, mutations that confer a
fitness advantage or disadvantage will increase or decrease in frequency
through natural selection. For example, some mutations may affect trans-
mission efficiency or capacity to escape from the host immune system.
On the other hand, neutral mutations, which have little fitness effect, remain
unaffected by natural selection, resulting in their genomic accumulation of an
equal chance through random genetic drift.

Since de novo mutations are the starting point for genetic variation, their
molecular spectrum—i.e., the relative rates at which all 12 possible types of
base substitutions arise—has beenwidely recognized as an essential param-
eter for understanding genome evolution. Since this spectrum of mutation
rates can be used to predict sequence changes under neutral processes,
this metric can serve as a null model for optimizing phylogenetic reconstruc-
tions based on maximum likelihood or for detecting genomic signals of
positive selection.12–18

In addition to its applications in evolutionary biology, the molecular
spectrum has been used to describe somatic mutations accumulated
in the genome of cancer cells and to identify etiological agents involved
in tumorigenesis. Various mutational processes, such as exposure to
mutagens and enzymatic modification, will each generate unique
combinations of mutation types, termed “mutational signatures.” There-
fore, the molecular spectrum can be used to infer the suite of operative
mutational processes through which somatic mutations accumulated
in the genome of a cancer cell.19–21 For example, excess C > A or
G > T transversions, mainly caused by polycyclic aromatic hydrocar-
bons, have been identified as a mutational signature for tobacco smok-
ing in the development of lung cancers.21,22

Following the same logic, we propose that themolecular spectrum of mu-
tations that accumulated during the evolution of a viral genomemay be infor-
mative for inferring the ancestral hosts of that virus, because viruses share
the same sets of mutagens in the cellular environment as their hosts. How-
ever, we realize that this strategy heavily relies on the validity of three assump-
tions. First, the cellular environment is substantially variable among different
hosts such that they can create mutational signatures sufficiently distinct in
the viral genome for tracing its transmission history. Second, de novomuta-
tions in the viral genome are predominantly introduced through processes
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specific to the host cellular environment, rather than through inherently viral
mechanisms of mutagenesis. Third, the molecular spectrum of mutations
accumulated in the evolution of a given virus is largely determined by de
novo mutations rather than by natural selection, which in principle could
blur any mutational signatures. We realize that the key to testing these as-
sumptions is to characterize the molecular spectrum of de novo mutations
in SARS-CoV-2, before natural selection has a chance to affect their apparent
frequency.

In this study, we first tested each of these three assumptions using a
computational strategy specifically developed for detecting de novo muta-
tions in SARS-CoV-2 from the transcriptome of virus-infected cell lines. After
validating the three assumptions, we constructed a phylogenetic tree for
SARS-CoV-2 and related coronaviruses and identified hundreds of mutations
that accumulated in its genome before jumping to human hosts. Finally, we
investigated whether the accumulation of these mutations was compatible
with other viruses in the phylogenetic tree that are reported to have a natural
origin. Our data-driven investigation provides transparent and empirical
support for the natural origin of SARS-CoV-2.

RESULTS
The rationale for detecting de novo mutations in SARS-CoV-2

The identification of de novo mutations in SARS-CoV-2 has been techni-
cally challenging. For example, themolecular spectrum of de novomutations
cannot be inferred fromwithin-individual polymorphisms in samples of bron-
choalveolar lavage fluid23–25 or frommutations that accumulated among pa-
tients (i.e., among-patient polymorphisms),16,26,27 becausewe are specifically
concernedwith the extent towhich themolecular spectrumofmutations that
accumulated during virus evolution reflect the molecular spectrum of
de novo mutations (refer to the third aforementioned assumption).

For evolutionary genomics studies, de novomutations are ideally detected
in newly synthesized virus genomes, before natural selection has a chance to
act, for example, using RNA sequencing data from SARS-CoV-2-infected
cells. However, de novo RNAmutations in SARS-CoV-2 cannot be directly in-
ferred from mismatches between sequencing reads and the reference
genome because of the high error rate inherent to high-throughput
sequencing (10�3 to 10�4 errors per nucleotide), which is approximately
two orders of magnitude higher than the average de novo RNA mutation
rate (10�5 to 10�6 mutations per nucleotide).28 Furthermore, errors gener-
ated during library preparation—that is, in the procedures of reverse transcrip-
tion and polymerase chain reaction (PCR)-based amplification—will also
increase the complexity of identifying bona fide RNA mutations.29

Nevertheless, experimental strategies have been designed to detect rare
de novo mutations in RNA viruses, such as for poliovirus30 and for Ebola vi-
rus.31 Acevedo et al. developed circular sequencing (CirSeq) in which RNA
molecules are first circularized, then serve as the template for rolling circle
reverse transcription; bona fide RNA mutations will appear periodically in
the resultant complement DNA30 (Figure 1A, left panel). Different fromCirSeq,
replicated sequencing (Rep-seq), developed by Gout et al., could also be used
to detect de novomutations in RNA viruses, although this method was orig-
inally developed for detecting de novo mRNA mutations—the differences in
sequence between an mRNA and its template DNA. In Rep-seq, each
mRNA is barcoded with a unique oligonucleotide and is then reverse tran-
scribed three times. Mismatches repeatedly observed in the sequencing
reads that share the same barcode are considered to be bona fide RNAmu-
tations that were extant in the mRNA29 (Figure 1A, right panel). In addition, a
hybrid strategy named accurate RNA consensus sequencing (ARC-seq) was
later developed, which uses a rolling circle strategy for multiple times of
reverse transcription of an RNAmolecule in conjunction with oligonucleotide
barcodes for recognizing reads of the same RNA molecule.32

Here, we sought to develop a strategy for detecting de novomutations in
SARS-CoV-2. SARS-CoV-2 is a positive-sense single-strand RNA virus,8,33,34

replicating its genome within host cells through two rounds of transcription
using an RNA-dependent RNA polymerase (RdRp) encoded in the viral
genome: the RdRp first transcribes the positive-sense genomic RNA to
generate a few intermediate negative-sense genomic RNAs that can then
2 The Innovation 2, 100159, November 28, 2021
serve as a template to transcribe several positive-sense RNA genomes.
These positive-sense RNA genomes are then packed into individual virions
(Figure S1A, left panel). This two-round transcription mechanism is also em-
ployed by SARS-CoV-2 to synthesize various positive-sense subgenomes
that function as viral mRNAs for the translation of viral proteins (Figure S1A,
right panel).

The SARS-CoV-2 subgenomesare nestedwithin the genomicRNAand are
produced by discontinuous transcription from positive-sense genomic RNA
into intermediate negative-sense subgenomic RNA (i.e., via polymerase
jumping, Figure S1B). In addition to canonical junctions generated by the
leader-to-body fusion occurring between the leader and one of the eight
body transcription-regulating sequences, a huge number of noncanonical
fusions can be found at random sites in the viral genome.35 Most resultant
noncanonical junctions are present at a low frequency, likely resulting from
sporadic errors in discontinuous transcription.36 Nevertheless, the negative-
sense subgenomic RNA bearing such sporadic junctions can serve as a tem-
plate for transcription into multiple identical positive-sense subgenomic
RNAs.37

We realized that sporadic junctions could serve as the molecular barcode
for a negative-sense subgenomic RNA, since it is unlikely that two indepen-
dently synthesized, positive-sense subgenomic RNAs will share identical
genomic coordinates of a pair of upstream and downstream junction sites.
Therefore, these “junction barcodes” can be used to group sequencing reads
into families; each read family will include all sequencing reads derived from
the positive-sense subgenomic RNAs that have been transcribed from the
same negative-sense subgenomic RNA. Repeated detection of the same
mismatch within a read family implies that an RNA mutation was present
in the negative-sense subgenomes (Figure 1B). In contrast, errors generated
during reverse transcription or sequencing can be excluded, as they will
appear randomly (i.e., not at identical sites).
C > U and G > U are over-represented in SARS-CoV-2 de novo
mutations

Using the junction-barcoding approach (Figures S2 and S3A), we effec-
tively distinguished reverse transcription or sequencing errors from the
bona fide RNA mutations (Figure 1C, see supplemental materials and
methods for details). From the RNA sequencing data for SARS-CoV-2-in-
fected Vero cells,35 we identified a total of 197 de novo RNA point mutations
in the SARS-CoV-2 genome. These mutations could be categorized into 12
distinct types with respect to the positive-sense genomic RNA (Figure 1D,
with an example shown in Figure S4). To estimate the rate of each mutation
type, we controlled for the nucleotide composition of the viral genome and
the potential coverage bias generated during high-throughput sequencing.
For this calculation, we estimated the coverage for each site by all read fam-
ilies (similar to RNA mutation calling in Figure S2, but no mismatch was
required) and aggregated this coverage according to the nucleotide (A, C,
G, or U) in the reference genome. We divided the number of mutations of
each type by the total coverage of all siteswith the nucleotide in the reference
genome, and used this ratio to infer the molecular spectrum of mutations in
SARS-CoV-2 in Vero cells (Figure 1E).

Among the 197 RNA mutations we identified in SARS-CoV-2, 122 were
transitions (purine to purine or pyrimidine to pyrimidine interchanges) and
75were transversions (interchanges of a purine to a pyrimidine or vice versa),
which significantly deviated from the randomly expected ratio (4:8, p = 3 3

10�16, binomial test, Figure 1D). On average, transitions occurred three times
more frequently (1.13 10�5 substitutions per site) than transversions (3.63

10�6 substitutions per site, Figure 1E), which was possibly attributable to the
structural similarity between bases that are substituted in transitions.

In particular, C>Umutations appeared to be themost abundant transition
(p= 63 10�5, binomial test with probability equal to¼, Figure 1D). Among the
eight types of RNA transversions, G > U mutations occurred much more
frequently than the other seven mutation types (p = 8 3 10�6, binomial
test with probability equal to 1/8 , Figure 1D), reaching frequencies compara-
blewith that of transitions.We then focused on these twomajor signatures of
www.cell.com/the-innovation
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Figure 1. The molecular spectrum of de novo SARS-CoV-2 mutations (A) Schematic of two experimental approaches previously developed to detect RNA mutations.
Bona fide RNA mutations (magenta stars) should be repeatedly detected, while errors generated during reverse transcription, PCR amplification, or high-throughput
sequencing (green stars) should only be occasionally detected. (B) Schematic of our junction-barcoding approach to detect RNA mutations for SARS-CoV-2. The genomic
coordinates of a pair of upstream and downstream sites of sporadic junctions can serve as the molecular barcode to group sequencing reads derived from the same
negative-sense subgenome into read families. Bona fide RNA mutations should be unanimously detected in a read family. (C) Comparison of overall mismatch frequency
between our junction-barcoding approach and the conventional computational approach. (D) The numbers of de novo RNA mutations of 12 base-substitution types, with
respect to the positive-sense SARS-CoV-2 genome. Two-tailed p values were calculated from binomial tests assuming an equal frequency for each type of base sub-
stitutions. (E) The molecular spectrum of de novo SARS-CoV-2 mutations. Two-tailed p values were calculated from Fisher’s exact tests.

Article
T
he

Innovation
SARS-CoV-2 mutations, i.e., over-representation of G > U and C > U muta-
tions, in subsequent analyses.

Themolecular spectrum of de novomutations shapes the spectrum of
polymorphisms during the evolution of SARS-CoV-2 in human
patients

Given that the de novomutations provide the raw materials for virus evo-
lution (Figure 2A), before the further investigation of the molecular mecha-
nisms underlying the over-representation of G > U and C > U mutations,
we first sought to determine the levels at which SARS-CoV-2 evolution in hu-
man patients was affected by themolecular spectrum of de novomutations.
To this end, we retrieved 34,853 high-quality sequences of SARS-CoV-2 var-
iants isolated from patients worldwide (Table S1) from GISAID (global initia-
tive on sharing all influenza data),38 and reconstructed the genomic sequence
of their last common ancestor.

We then identified genetic differences between each variant and the
ancestor and treated those differences observed in at least two patients as
among-patient polymorphisms. This process enabled the removal of single-
ll
tons that were potentially generated by sequencing errors. The molecular
spectrum of SARS-CoV-2 among-patient polymorphisms (Figure 2B) highly
resembled that of thedenovomutations at 4-fold degenerate sites (Figure2C,
r = 0.81, p = 0.001), as well as in the whole genome (Figures 2D and 2E, r =
0.86, p = 3 3 10�4). The signatures indicating over-representation of G > U
and C > U among de novo mutations were also observed in among-patient
polymorphisms. This finding indicated that the molecular spectrum of de
novo mutations dominated the base-substitution types of polymorphisms
in SARS-CoV-2 during its evolution in human patients.

It is worth noting that, despite their apparent similarity, the de novomuta-
tion identified in this study is by definition different from the among-patient
polymorphisms,16,26 because the latter has been influenced by natural selec-
tion related to the processes of infection, propagation, or release from in-
fected cells.13,39 Only with the characterization of the molecular spectrum
of de novomutations can we thus examine the relative influence of mutation
versus selection in driving the genomic evolution of SARS-CoV-2 (Figure 2A).
The observation that the molecular spectrum of among-patient polymor-
phisms largely resembled that of de novo mutations indicated that the
The Innovation 2, 100159, November 28, 2021 3
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Figure 2. The molecular spectrum of SARS-CoV-2 poly-
morphisms among patients (A) The emergence of among-
patient polymorphisms through the accumulation of de novo
mutations. The frequency of a de novo mutation (the
magenta star with an arrow pointing to it) may be increased
by positive selection, decreased by negative selection, or
changed through genetic drift due to chance events. If a
mutation becomes predominant within a patient, it can be
detected as an among-patient polymorphism.
(B) The molecular spectrum of among-patient poly-
morphisms at 4-fold degenerate sites in SARS-CoV-2.
(C) A scatterplot shows the molecular spectrum of de novo
mutations versus among-patient polymorphisms at 4-fold
degenerate sites in SARS-CoV-2. Each dot represents a base-
substitution type, colored according to (B). Pearson’s cor-
relation coefficient (r) and the corresponding p value are
shown.
(D) The molecular spectrum of among-patient poly-
morphisms in the whole genome of SARS-CoV-2.
(E) Similar to (C), for all polymorphisms.
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proportions of deleterious mutations were largely uniform among the 12
types of base substitutions.

Replication-independent asymmetric emergence of mutations on
single-strand RNA

Presumably, the over-representation of G > U and C > U mutations could
be consequences of transcriptional errors that produce RNAs carrying
different sequences from that of the template (i.e., replication-dependent
mutations), or these mismatches could result from exposure to environ-
mental mutagens that can induce mutations in the absence of transcrip-
tional machinery (i.e., replication-independent mutations).40 We realized
that these two mechanisms could be distinguished by comparing the
frequency of G > U (or C > U) mutations with that of its complement mu-
tation, C > A (or G > A). For example, a mutation observed in the negative-
sense genome (e.g., C > A, which will be transcribed into a G > U mutation
in the positive-sense genome) that is generated during positive to negative
strand transcription should occur at approximately equal frequency in nega-
4 The Innovation 2, 100159, November 28, 2021
tive to positive strand transcription (leading to a C > A mutation in the
positive-sense genome), because the same polymerase performs both
functions. Consequently, when the SARS-CoV-2 replication cycle (i.e., two
rounds of transcription) is completed, the molecular spectrum of replica-
tion-dependent mutations should be “symmetric,” meaning that the
frequencies of G > U and its complement mutation, C > A, should be
similar (Figure 3A, left panel). Alternatively, if a mutation is generated in a
replication-independent manner, for example, induced by mutagens specif-
ically in the positive-sense (or negative-sense) single-strand RNA of SARS-
CoV-2, then the frequency of complement mutations will not necessarily be
symmetrical (Figure 3A, middle panel).

We reasoned that among-patient polymorphisms in SARS-CoV-2 could
be used to investigate whether the mutagenic mechanisms underlying
the over-representation of some mutation types were replication dependent
or independent because polymorphisms were generated by complete repli-
cation cycles. The polymorphism data revealed that G > U transversions
occurred with greater frequency than C > A (p = 2 3 10�116, Fisher’s exact
www.cell.com/the-innovation
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Figure 3. Predictions and observations for variousmutagenicmechanisms on the symmetry ofmutations (A) Predictions on the symmetry between a pair of complement
base-substitution types for three potential mutagenic mechanisms. If de novo mutations are introduced during transcription by RdRp (left panel), or by a replication-in-
dependent mechanism in double-strand RNAs (right panel), mutations should be symmetric when a replication cycle is completed: a base-substitution type and its
complement base-substitution type should arise at the same rate in the viral genome. On the contrary, if de novo mutations are introduced by a replication-independent
mechanism specific to single-strand RNAs, mutations could be asymmetric (middle panel). (B) The statistical assessment on the symmetry of mutations using Fisher’s
exact tests. (C) Predictions for two potential mutagenic mechanisms in single-strand RNAs, positive-sense biased versus genomic-strand biased mutagenesis. (D) The
molecular spectrum of among-patient polymorphisms in a negative-sense, single-strand RNA virus, Influenza A virus (subtype H1N1). Two-tailed p values were calculated
from Fisher’s exact tests. (E) The molecular spectrum of de novo mutations in a negative-sense, single-strand RNA virus, Ebola virus. De novo mutations were identified
from isolated virions, at which time replication cycles have completed. Error bars represent standard errors (N = 21) of the averagemutation rates of each base-substitution
type. Two-tailed p values were calculated using the t tests.
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test) and that C > U transitions occurred with greater frequency than G > A
(p = 1 3 10�199, Figure 3B). This asymmetric distribution indicates that the
observed over-representation of G > U and C > U mutations unlikely results
from a replication-dependent process.

Presumably, replication-independentmutations can occur in either double-
or single-strand RNA. We reasoned that mutations arising in double-strand
RNA should also lead to a symmetric molecular spectrum (Figure 3A, right
panel). This possibility was excluded by the observation that, among SARS-
ll
CoV-2 isolates from human patients, G > U and C > U polymorphisms
were distributed in asymmetrically greater numbers (Figure 3B), supporting
the likelihood that the mechanism responsible for introducing these muta-
tions involved single-strand RNA. Furthermore, since the negative-sense
RNA of SARS-CoV-2 is mainly present in the double-strand RNA (i.e., paired
with positive-senseRNA; Figure 3A), we therefore proposed that the observed
G > U and C > U mutations were most likely introduced to the single-strand
positive-sense RNA.
The Innovation 2, 100159, November 28, 2021 5
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Asymmetric emergence of de novo mutations on the genomic-
strand RNA

Thus far, our results indicated that the disproportionate abundance of G >
U and C > U mutations in SARS-CoV-2 likely arose in positive-sense single-
strand RNAs. There are two possible mechanisms that could account for
this outcome. First, the positive-sense RNA is more vulnerable to muta-
gens—for example, due to destruction of the RNA secondary structure by
translating ribosomes, which subsequently exposes the single-strand RNAs
to mutagens. Second, the viral genetic information spends the majority of
its life cycle as a positive-sense RNA. We thus reasoned that the molecular
spectrum of mutations in negative-sense single-strand RNA viruses could
be used to investigatewhichof the twomechanismsunderlay the emergence
of single-strand RNAmutations, since the negative-sense RNA was predom-
inant in these viruses (Figure 3C).

We first assessed this mechanism by analyzing the genetic polymor-
phisms among 1,839 confirmed variants (Table S2) of the negative-sense
single-strand RNA virus, Influenza A virus, collected during the 2009
pandemic.38 The asymmetric frequency of the among-patient polymor-
phisms that we observed in SARS-CoV-2, a positive-sense RNA virus (i.e.,
over-representation of G > U and C> U on the positive strand), was reversed
in Influenza A virus: G > U and C > U polymorphisms were more abundant in
the negative-sense genome (p = 2 3 10�10 and 0.05, respectively, Fisher’s
exact tests, Figure 3D). This result allowed us to exclude the possibility that
a positive-sense-specific mechanism was responsible for the over-represen-
tation of G > U and C > U mutations.

Furthermore, the molecular spectrum of mutations in the negative-sense
single-strand RNA virus, Ebola (Zaire ebolavirus), was previously character-
ized using CirSeq with virions isolated from 293T cells,31 which have
completed cycles of replication. Asymmetric accumulation of G > U and C
> U mutations were observed in the negative-sense genomic RNA of the
Ebola virus (Figure 3E), which further supported a replication-independent
mutation mechanism on single-strand RNAs that acts on the strand carrying
the genetic information.

Asymmetric emergence of de novo RNA mutations in host cellular
environment

In light of these findings, we next sought to determine whether these repli-
cation-independentmutationswere introduced to the genomic-strand RNA in
the extracellular virion environment, where the viral RNA is protected by the
capsid, or if they occurred in the cellular environment following host
invasion (Figure 4A). To address this issue, we reasoned that positive-sense
single-strand, persistent yeast RNA viruses (e.g., Saccharomyces 20S RNA
narnavirus and Saccharomyces 23S RNA narnavirus) could be used to test
if the eukaryotic cellular environment was able to induce G > U or C > Umu-
tations in single-strand RNAs (Figure 4A). These viruses represented a strong
experimental model for this question because they persist in yeast cells as
naked RNA, without a capsid.41 Therefore, the introduction of G > U and C
> U mutations is dependent on mutagenic mechanisms within the yeast
cellular environment, and without which the asymmetric accumulation of
mutations will not be detectable (Figure 4A).

Both CirSeq42 and ARC-seq32 experiments were previously conducted in
budding yeast, although the aims of the previous studies were to identify mu-
tations in endogenousRNAs.We reasoned that some readsmight be derived
from the persistent yeast RNA viruses, which can be used to calculate the
symmetry of mutations in the virus genomes. While the yeast strain used
in the CirSeq generated minimal reads from either 20S or 23S RNA narnavi-
ruses, the ARC-seq data contained 43,034 sequencing reads from the 20S
RNAnarnavirus genome (but no reads from the23SRNAnarnavirus). Among
the reads that mapped to the 20S RNA narnavirus genome, we identified a
significantly higher abundance of G > U mutations than C > A mutations
(46 versus 22, p = 0.003, Fisher’s exact test) andmore C > U than G > Amu-
tations (157 versus 69, p = 1 3 10�8, Fisher’s exact test, Figure 4B). These
results indicated that the yeast cellular environment was sufficient to induce
the asymmetric emergence of G>U and C>Umutations in a positive-sense
single-strand RNA viral genome.
6 The Innovation 2, 100159, November 28, 2021
Postulating thatmutagens in the cellular environment cannot discriminate
endogenous and viral RNAs, we further predicted that G > U and C > U mu-
tations should also be over-represented in yeast endogenousmRNAs. To test
this prediction, we characterized the molecular spectrum of mRNA muta-
tions in the same ARC-seq dataset for the budding yeast.32 The results
showed that the molecular spectrum of mutations was highly similar be-
tween the 20S RNA narnavirus and that of the yeast-derived mRNAs (r =
0.93, p = 2 3 10�5, Figures 4C and 4D). Furthermore, G > U and C > U mu-
tations occurred more frequently in the endogenous mRNAs than C > A and
G> Amutations, respectively (p< 10�2311 and 10�9126, respectively, Fisher’s
exact tests, Figure 4C). A similar molecular spectrum of mRNA mutations
was also observed in the CirSeq data for the budding yeast42 (r = 0.84, p =
13 10�3, Figure S5). The similarities between these molecular spectra indi-
cated the possibility that mutations were induced by the same mutagens in
the cellular environment of yeast.
Variation among host cells in providing the cellular environment for
asymmetric mutations

Although the particular mutagenicmechanisms that caused the observed
asymmetric G>Umutations in the cellular environment remainunknown,we
hypothesized that reactive oxygen species (ROS) could serve as a strong
candidate,43 particularly considering that oxidative stress is associated with
the infection of some respiratory viruses.44 Specifically, some ROS can
oxidize guanine to 8-oxoguanine and thereby induce G > U transversions af-
ter an additional round of transcription.45,46 Alternatively, we also suspected
that chemicals with similar property to polycyclic aromatic hydrocarbons,
which are alsowell known to induceG>T somaticmutations in the lung can-
cer samples among tobacco smokers,47 could serve as potential cytosolic
mutagens of viral RNA. For C > U mutation, potential candidates that
could induce its accumulation included RNA-editing activity by cytidine
deaminases.48,49

Given the broad array of potential mechanisms, we reasoned that,
regardless of the exact nature of the mutagens that caused asym-
metric accumulation of G > U or C > U RNA mutations in the cellular
environment, these mutagens were unlikely to discriminate between
RNA and DNA.50 Consequently, somatic mutations in DNA would also
arise,51–53 particularly in the coding strand, which is exposed to
the cellular environment in the single-strand state during transcrip-
tion54–56 (illustrated in Figure 5A). Based on this assumption, we inves-
tigated the capacity of the cellular environment to generate G > T and C
> T somatic mutations in the coding strand of genomic DNA to subse-
quently infer its capacity to induce G > U and C > U mutations in RNA
viruses. To this end, we retrieved the somatic mutations identified for
each of the 36 human tissues55 from publicly available Genotype-Tis-
sue Expression (GTEx) data.57

We characterized the molecular spectra of somatic mutations that
emerged in these 36 human tissues (Figure S6) and projected them into a
two-dimensional space based on the levels of asymmetry in G > T (versus
C > A) and C > T (versus G > A) base substitutions (Figure 5B). Among
them, 20 tissues, including the lung, showed asymmetry in both G > T and
C > T mutations, while 10 tissues showed asymmetry only in G > T muta-
tions. The cellular environments of the remaining six tissues could not induce
detectable asymmetry in either G > T or C > T. These results indicated that
human tissues exhibit wide-ranging differences in their capacity to induce
various types of de novo mutations.

To further investigate the cellular environment that likely drove SARS-
CoV-2 evolution in human patients, we plotted the asymmetries of G > U
and C > U for SARS-CoV-2 among-patient polymorphisms (abbreviated
as pSCV2 in the figure) into the two-dimensional space and found that
the cellular environment where SARS-CoV-2 propagated in patients was
most similar to that of the lung (Figure 5B). This finding is in agreement
with numerous reports that showed the airborne transmission58 of SARS-
CoV-2 and supports a cellular environment-dependent genomic evolution
of SARS-CoV-2.
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Figure 4. Predictions and observations for mutagenic processes in virions versus in host cells (A) Predictions on the symmetry of mutations for mutagenic processes in
virions versus in host cells. (B) Themolecular spectrum of de novomutations that we detected in 20S RNA narnavirus from previously published ARC-seq data. Two-tailed p
values were calculated from Fisher’s exact tests. (C) The molecular spectrum of yeast mRNA mutations that we detected from previously published ARC-seq data. Two-
tailed p values were calculated from Fisher’s exact tests. (D) A scatterplot shows the molecular spectrum of de novo mutations in 20S RNA narnavirus versus in yeast
endogenous mRNAs. Each dot represents a base-substitution type, colored according to Figure 1E. Pearson’s correlation coefficient (r) and the corresponding p value
are shown.
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The molecular spectrum of 529 accumulated mutations in SARS-
CoV-2 prior to its transmission to humans resembled that of
coronaviruses evolved in bats

Thus far, our results showed that the molecular spectrum of mutations
that accumulated during SARS-CoV-2 evolution is reflective of the asym-
metric emergence of de novomutations (Figure 2) caused by host cellular en-
vironments (Figures 3 and 4). Given that different types of base substitutions
are disproportionately induced in various cell environments (Figure 5), we
reasoned that the ancestral cellular environment where SARS-CoV-2 propa-
gated prior to its transmission to humans could, in principle, be inferred
from the mutations in the SARS-CoV-2 genome that accumulated during
that period. These mutations could be identified from a phylogenetic tree
including SARS-CoV-2 and related coronaviruses.

We built an evolutionary tree (Figure 6A), including the last common
ancestor of SARS-CoV-2 isolated frompatients and its closely related corona-
viruses isolated fromRhinolophus bats (RaTG13, RshSTT200, andZC45) and
pangolins (GD-1 and GX-P5L), using Rc-o319 from bats as an outgroup.8,59–
63 We then reconstructed the ancestral sequence for each internal node
(N1–N5) and determined which mutations accumulated in the evolutionary
ll
history represented by each branch in the phylogenetic tree (B1–B9,
Figure 6A). Based on the parsimony principle we labeled seven branches
(B1–B4 and B6–B8) that represented the evolutionary history exclusively in
the cellular environments of bats and two that represented a mixed evolu-
tionary history in bats and pangolins (B5 and B9, Figure 6A).

The results showed that the molecular spectra of the nine branches
appeared similar (Figure 6A, inset on top of each branch), and were
highly correlated with each other (Figure 6B). However, these spectra
were only moderately correlated with the spectrum of mutations that
accumulated during SARS-CoV-2 evolution in human patients, the spec-
trum of de novo viral mutations in Vero cells, or the spectrum of so-
matic mutations in the lung (Figure 6B). For example, the asymmetric
emergence and accumulation of G > U mutations in the viral genome,
which was observed in Vero cells (Figure 1D) and among human pa-
tients (Figure 2C), respectively, was no longer detectable in the seven
bat-exclusive or two bat-pangolin branches (p > 0.5 in all one-sided
Fisher’s exact tests). This finding is in agreement with previous reports
of low production of ROS and high concentrations of endogenous anti-
oxidants in bat cells.64 These observations indicated that bats (probably
The Innovation 2, 100159, November 28, 2021 7
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Figure 5. Variation among 36 human tissues in providing the cellular environment
for asymmetric mutations in RNA viruses (A) The rationale underlying assessment
of cellular environments in generating asymmetric mutations in RNA based on
somatic mutations in the coding strand of DNA. (B) A scatterplot shows the
asymmetric accumulation of two types of somatic mutations among 36 human
tissues. 1, adipose subcutaneous; 2, adipose visceral omentum; 3, adrenal gland; 4,
artery aorta; 5, artery coronary; 6, artery tibial; 7, brain caudate basal ganglia; 8, brain
cortex; 9, brain frontal cortex BA9; 10, brain hippocampus; 11, brain hypothalamus;
12, brain nucleus accumbens basal ganglia; 13, brain putamen basal ganglia; 14,
breast mammary tissue; 15, colon sigmoid; 16, colon transverse; 17, esophagus
gastroesophageal junction; 18, esophagus mucosa; 19, esophagus muscularis; 20,
heart atrial appendage; 21, heart left ventricle; 22, liver; 23, lung; 24, muscle skeletal;
25, nerve tibial; 26, ovary; 27, pancreas; 28, pituitary; 29, prostate; 30, skin not sun-
exposed suprapubic; 31, skin sun-exposed lower leg; 32, small intestine terminal
ileum; 33, spleen; 34, stomach; 35, thyroid; 36, whole blood. Odds ratios and two-
tailed p values were calculated with Fisher’s exact tests. Dots were colored ac-
cording to the false discovery rates (Q values).
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also pangolins) provided a cellular environment for the genomic evolu-
tion of RNA viruses that substantially differed from that of humans.

We determined the 529 base substitutions that apparently accumulated in
the SARS-CoV-2 genome since its divergence from RaTG13 (represented by
branch B0 in Figure 6A). The molecular spectrum of this branch (Figure 6A,
inset in the top left corner) was highly correlated with the bat-related
branches (B1–B9), but showed a much lower correlation with the spectrum
of mutations that accumulated in human patients (pSCV2, Figures 6B and
6C). The patterns held when only fragments of the SARS-CoV-2 genome
(e.g., the coding sequence of the spike protein) were used for the comparison
8 The Innovation 2, 100159, November 28, 2021
(Figure S7). These observations suggested that, after its divergence from
RaTG13, SARS-CoV-2 likely evolved in a host cellular environment similar
to that of bats prior to its zoonotic transfer into humans.

The apparent similarity in the molecular spectra between the mutations
accumulated in branch B0 and those in the bat-related branches (B1–B9)
could be either attributable to their propagation in a common cellular environ-
ment, or a common inherent mutational bias caused by shared genetic vari-
ation in the genes that modulate the relative rates of various de novo base
substitutions among closely related viruses. To distinguish these two possi-
bilities, we included the genetically more distant betacoronaviruses, SARS-
CoV and MERS-CoV and their related viruses, in the analysis (Figure 7A).
Bats were reported to be the natural host for both SARS-CoV and MERS-
CoV, and zoonotic transfers from their putative intermediate hosts (market
civetsanddromedary camels) into humans led toSARSandMERSoutbreaks
in 2003 and 2012, respectively.65–67

We constructed phylogenetic trees separately for SARS-CoV-related and
MERS-CoV-related viruses, and labeled putative host species for each branch
according to the parsimony principle (Figure 7A). If the molecular spectrum
was shaped largely by the host cellular environment, we predicted that all
branches representative of evolutionary history in the same host species
would exhibit similar molecular spectra. On the contrary, if the molecular
spectrum was an inherent feature encoded in the virus genome that be-
comesmore distinct as genetic distance increases, we predicted that the lin-
eages of SARS-CoV-2, SARS-CoV, and MERS-CoV would each exhibit their
own mutational signatures.

To test these two predictions, we estimated the proportions of each
base-substitution type for each branch (Figure 7A). To visualize the sim-
ilarity across molecular spectra, we performed principal-component
analysis, projecting these branches into a two-dimensional space (Fig-
ures 7B and 7C). The results showed that 17 branches with a reported
evolutionary history exclusive to bats clustered together (Figure 7B),
while the viruses from three distinct lineages of betacoronaviruses did
not (Figure 7C). This observation indicated that the molecular spectrum
of virus genome evolution mainly reflected the cellular environment in
which viruses propagated, rather than their phylogenetic relationship.
We consequently used the 95% confidence ellipse estimated from these
17 bat-exclusive branches (Figure 7B) to define the borderline of the bat
cellular environment in the two-dimensional space.

Branches that represented the host history in camels (B18 and B19) fell
outside of the 95% confidence ellipse (Figure 7B), indicating that camels
had a distinct cellular environment from that of bats. Branches that repre-
sented host history entirely in humans (pSCV2), or a host history partly in hu-
mans (B10 for a SARS patient and pMERS for among-patient polymorphisms
in MERS), also fell outside of the 95% confidence ellipse (Figure 7B). Notably,
they appeared to cluster together with the spectra of de novomutations de-
tected in SARS-CoV-2 (mSCV2), Ebola virus (mEbola), or poliovirus (mPV),
which were cultivated in primate cell lines. Furthermore, the 95% confidence
ellipse of these six human-relatedmolecular spectrawas not overlappedwith
that estimated from the spectra of the 17 bat-exclusive branches (Figure 7B),
highlighting the potential application of our approach for detecting a jumping
event from bats to a new host.

The branch leading to SARS-CoV-2 (B0) was located within the 95% confi-
dence ellipse defined by the 17 bat-exclusive branches (Figure 7B) and, in
particular, was within the 95% confidence ellipse defined by the 13 Rhinolo-
phus-exclusive branches. Considering the consistency of this approach in
identifying well-established host jumping events (e.g., from bats to camels
for MERS-CoV as shown in branches B18 and B19, and from bats to humans
for SARS-CoV as shown in branch B10, Figure 7B), we concluded that since its
divergence from RaTG13, SARS-CoV-2 most likely propagated primarily in a
cellular environment highly similar to bats, particularly Rhinolophus bats, prior
to its zoonotic spillover into humans.

DISCUSSION
The central dogma of molecular biology asserts that the genetic informa-

tion of cellular organisms is stored in DNA, which must be transcribed into
www.cell.com/the-innovation
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Figure 6. The molecular spectra of mutations accumulated in SARS-CoV-2 and related viruses (A) The maximum likelihood phylogenetic, tree including SARS-CoV-2 and
related coronaviruses, using Rc-o319 as an outgroup. Internal nodes are labeled as N1–N5, and the icon on the side of a tip indicates the host species from which a SARS-
CoV-2-related virus was isolated. The branches are labeled as B0–B9, among which the red branch (B0) represents the evolutionary history in which the host organism is to
be determined. The molecular spectrum of accumulated mutations is shown on the top of each branch, and the icon inside shows the inferred host species for the branch
according to the parsimony principle. (B) A heatmap shows Pearson’s correlation coefficient (r) between a pair of molecular spectra. Two scatterplots are shown to
exemplify the similarity in the molecular spectrum. (C) The distribution of r for the bootstrapped mutation spectra. In all 10,000 paired bootstrapped observations, r(B0, B1)
was greater than r(B0, pSCV2), meaning that the p value was smaller than 0.0001. Numbers in the brackets represent the 95% confident intervals (CI) of r.
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mRNA for transmission of the genetic information into functional proteins.
Although the presence of mRNA mutations has been confirmed in a few
cellular organisms,29,32,42,68,69 they affect only a limited number of proteins
due to the transient nature of mRNA. However, for RNA viruses whose
genomic information is stored in RNA, mutations in RNA can have a long-
term influence because such mutations have a chance of being inherited.
ll
In this study, we exploit this influence to infer the evolutionary history for
RNA viruses, in particular SARS-CoV-2.

It is worth noting that four out of five branches that represented a mixed
host history in bats and in a non-human organism (pangolins in B5 and B9,
civets in B11, camels in B20, and hedgehogs in B25) fell within the 95% confi-
dence ellipse estimated from the 17 bat-exclusive branches (Figure 7B). A
The Innovation 2, 100159, November 28, 2021 9
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Figure 7. The similarity in mutation spectrum among genetically diverse coronaviruses isolated from various hosts (A) The maximum likelihood phylogenetic trees
constructed separately for SARS-CoV-related and MERS-CoV-related viruses, using BM48-31 and HKU4 as outgroups, respectively. The known phylogenetic relationship
among SARS-CoV-2-related, SARS-CoV-related, and MERS-CoV-related viruses is depicted by dashed lines, which only reflect the tree topology and give no meaning to
branch lengths. (B) The principal-component analysis plot depicts similarity in molecular spectrum. Dots were colored according to the inferred host species. Green,
orange, and cyan ellipses represent the 95% confidence intervals for bat, Rhinolophus bats, and human cellular environment, respectively. (C) Similar to (B), dots were
colored according to the phylogenetic lineage.
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plausible explanation is that the majority of the base substitutions present in
these four bat-mixed branches were accumulated in bat cellular environ-
ments, in light of the unique cellular features reported in bats compared
with other mammals, i.e., high concentrations of endogenous antioxidants.64

In other words, our approach can identify a host jumping event from molec-
ular spectra only if sufficient mutations have accumulated in the new host. In
the future, characterization of molecular spectra of RNA mutations in addi-
tional species (especially in bats) using CirSeq or Rep-seq will be promising
for tracing the transmission route of SARS-CoV-2. Someadditional caveats to
the conclusions drawn from our results are discussed in the supplemental
information.

Although this study focuses on the relative rates among base-substitution
types (i.e., molecular spectrum), we estimate an average rate of 1.733 10�5

de novo mutations per nucleotide in SARS-CoV-2 (Figure 1E). Despite the
proofreading mechanism70 provided by its nonstructural protein 14, SARS-
CoV-2mutations still occur at a rate three to four orders of magnitude higher
than DNA mutations,29 which enables rapid immunological escape, while
leaving genomic integrity maintained by natural selection for infectivity.

In addition, our analyses focused on the detection of point mutations.
Although not highlighted in the results, we also estimated themolecular spec-
trum of indels with a similar computational strategy that used junctions as
molecular barcodes for the intermediate negative-sense subgenomic RNA
(see Figure S2 and supplemental materials and methods). This work identi-
fied2 small insertions and 96deletions (Figures S3BandS3C), themajority of
which were shorter than 6 nucleotides.

Although the significant illness and death caused by the SARS-CoV-2-
induced coronavirus disease 2019pandemichas led to amultitude of studies
of this virus, basic understanding is still lacking for several of its key features,
such as its origin.1–7We show that themutations accumulated in SARS-CoV-
2 prior to its transmission to humans are fully consistent with a natural evolu-
tionary process in a Rhinolophus bat host. In addition to this theoretical
purport, our methods will also be useful to identify the natural hosts of other
RNA viruses and could be potentially applied toward the prevention of future
outbreaks.
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